The growing number of wildlife endocrinology studies have greatly enhanced our understanding of comparative endocrinology, and have also generated extensive longitudinal data for a vast number of species. However, the extensive graphical analysis required for these longitudinal datasets can be time consuming because there is often a need to create tens, if not hundreds, of graphs. Furthermore, routine methods for summarising hormone profiles, such as the iterative baseline approach and area under the curve (AUC), can be tedious and non-reproducible, especially for large number of individuals. We developed an R package, hormLong, which provides the basic functions to perform graphical and numerical analyses routinely used by wildlife endocrinologists. To encourage its use, hormLong has been developed such that no familiarity with R is necessary. Here, we provide a brief overview of the functions currently available and demonstrate their utility with previously published Asian elephant data. We hope that this package will promote reproducibility and encourage standardization of wildlife hormone data analysis. 
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INTRODUCTION 35
Longitudinal hormone monitoring is routinely used in wildlife endocrinology studies and 36 provides a unique insight into endocrine physiology that cannot be obtained from single 2015), graphical analysis plays an important role in identifying patterns in hormone profiles.
46
Researchers often monitor dozens of individuals, but create profiles for each individual one-47 at-a-time. Furthermore, temporal events (e.g. pregnancy, mating, stressors) are often added 48 to graphs by hand. This process of creating dozens of graphs, marking events, and updating 49 each graph separately becomes quite time-consuming. In addition, when multiple hormones 50 are being monitored, it is useful to overlay hormone profiles in order to explore temporal 51 correlations. However, this involves restructuring each individual dataset, which takes yet 52 more time and can introduce error when done by hand.
53
Another challenge with analysing longitudinal hormone data is being able to distinguish 54 the signal from the noise. There is a certain amount of inherent variability in any hormone 55 profile due to both biological (e.g., pulsatile release, variability in steroid metabolism) and 56 methodological factors (e.g., sampling design, pipetting error, assay variability). One 57 common approach for identifying meaningful increases (peaks) in longitudinal datasets is the 58 iterative baseline approach (Brown et al. 1996; Clifton & Steiner 1983) . In this approach,
59
hormone values exceeding the mean + (n * SD) are excluded, where n is the criterion for the 60 number of standard deviations (SD) used in the calculation. The mean and SD are 61 recalculated, and this culling processes is repeated until no points exceed the cut-off.
62
Remaining values are considered "baseline" values and excluded points are considered 63 "peaks". The appropriate value of n needs to be adjusted depending on the characteristics of 64 the dataset (number of samples and amount of variation). Although this approach is really 65 useful for identifying peaks, it can be tedious to run these iterative calculations for each study previously published hormone dataset (Fanson et al. 2014 ). This study looked at changes in 83 circulating cortisol across the estrous cycle (i.e., relative to progesterone) in Asian elephants.
84
We included these data as an example dataset called hormElephant in the package. To encourage researchers who are less familiar with R to use these functions, we developed 94 an R-minimal workflow which allows users with no prior R experience to be able to run the 95 functions. To this end, we created a detailed manual that includes instructions on how to 96 install R, load the hormLong package, and prepare data, in addition to detailed explanations 97 and examples of each function. We also developed an R script template that can be easily Table 1 . Once data are suitably prepared, the csv file can be imported into R using the function 121 hormRead(). If dates and/or times are part of the dataset, the function hormDate() handles 122 formatting of these variables so they are compatible with all hormLong functions.
123
Example code for import and date formatting: considered "baseline", whereas those that have been excluded are classified as "peaks".
136
The hormBaseline() function allows users to easily run these iterative calculations using Figure 3B ), allowing the user to match up peak identity in table with specific points on the 226 plot and, especially for the spline method, to assess the appropriateness of the fit.
227
For the elephant dataset, we ran hormArea() to quantify the area of each cortisol peak in 
